Abstract: In this paper, we propose an adaptive step-estimation method to estimate the distance traveled for arm-swinging activities at three level-walking speeds, i.e., low, normal, and high speed. The proposed method is constructed based on a polynomial function of the pedestrian speed and variance of walking acceleration. We firstly apply a low-pass filter with 10 Hz cut-off frequency for acceleration data. Then, we analyze the acceleration data to find the number of steps in each sample. Finally, the traveled distance is calculated by summing all step lengths which are estimated by the proposed method during walking. Applying the proposed method, we can estimate the walking distance with an accuracy rate of 95.35% in a normal walking speed. The accuracy rates of low and high walking speeds are 94.63% and 94.97%, respectively. Furthermore, the proposed method outperforms conventional methods in terms of accuracy and standard deviation at low, normal, and high speeds.
Introduction
Recently, Pedestrian Dead Reckoning (PDR), which uses sensor information to estimate the location and orientation of a pedestrian in a global positioning system-denied scenarios [2, 6, 11, 15] , has received considerable attention from researchers. Moreover, PDR technology brings many advantages on energy consumption, weight, cost compared with the inertial navigation system for indoor navigation. This leads to numerous researches on the PDR field over the last few years.
PDR algorithms commonly compute the walking distance by detecting users' steps and estimating the step lengths. Due to the location of mounted sensors, step detection and analysis can be done in many different ways. Fixing sensors on the user's foot, stance phases of the foot and the step detection can be determined [15, 17] . Zero Velocity Update (ZUPT) method is commonly used in this foot mounting configuration to bound the error accumulation [7, 13, 15] . In the second configuration, researchers fixed the inertial sensor on users' belts [1] , or kept sensors in a constant pose [8] . The inertial force experienced by the sensor is directly linked to the motion of the human body's Center-of-Mass (COM) and, subsequently, to user's movement [16] . Therefore, in arm-swinging activities, where an inertial force of the sensor is not linked to the human's motion, an extra acceleration affects significantly the accuracy of walking distance estimation. Suh et al. [14] proposed a peak detection algorithm using five data points to find the number of walking steps. This algorithm utilizes the constraints between the times and consecutive peak values to detect the steps. Tian et al. [16] presented a step frequency-based Copyright ©2018 CC BY-NC Nonparametric Regression-based Step-length Estimation for Arm-swing Walking using a Smartphone 567
and individual-height-based distance estimation for pedestrian swinging arms. However, their method only focused on walking at the normal speed.
In this paper, we propose a distance estimation method for arm-swinging cases where a pedestrian holds a smartphone in hand and naturally walks at three speed levels. In general, data from smartphone are collected in the sensor coordinate system; thus, we firstly need to transform experimental data into the world coordinate system for synchronizing recorded data with the pedestrian movements. A low-pass filter (LPF) with 10 Hz cut-off frequency is applied to remove noise from the raw data. Then, we analyze arm-swing-related gait cycles and define step phases in human walking. Finally, we estimate the length of each step using an adaptive conversion as a polynomial function of the walking speed. The polynomial function is obtained by using a nonparametric regression called locally weighted polynomial regression [5, 10] . In addition, this step-length estimation is an improvement of method [18] . The proposed method estimates the walking distance with an accuracy rate of 96.05%, 94.79%, and 94.20% in the normal, low, and high walking speeds, respectively. To demonstrate the performance of the proposed method, we compare experimental results of our method with two reference methods [16, 18] .
Problem formulation
During walking, pedestrians hold smartphones in their hands and swing their arms forward or backward. This action varies the acceleration collected in smartphones, and thus, affects the estimation results of walking distance. We propose a distance estimation method for armswinging pedestrians in three speed levels. Figure 1 illustrates the walking condition of an arm-swinging pedestrian with three levels of speed. The rightmost sub-figure presents not only the phone-holding posture but also the smartphone orientation. 
Sensor inertial data Preprocessing Coordinate transformation
Step detection
Step-based feature extraction Nonparametric regressor Figure 2 : Block diagram of walking distance estimation Figure 2 illustrates our proposed method for estimating the traveling distance. After collecting inertial data from the smartphone, we apply a low-pass filter to acceleration signals to isolate the force of gravity and remove the noise created during movement. Then, we transform the accelerations from smartphone's coordinates to the world coordinates using Euler's rotation theorem. By analyzing the arm-swinging phase, we find the number of steps in each trial. A feature is extracted as the magnitude of the average velocities on three dimensional axes in each step. A nonparametric regressor uses the extracted feature and ground truth to estimate the walking distance. 
Data preprocessing
Using Euler's rotation theorem [12] , we transform the raw data of the accelerometer from the smartphone's frame into the world frame. Generally, a step frequency is below 10 Hz for human walking [3] . Therefore, we design a Kaiser window-based LPF to remove noise from raw signals. The Kaiser window is defined as follows:
where, I 0 is the zeroth-order modified Bessel function; N is the length of the sequence without the first element; and β is the Kaiser window parameter that affects the sidelobe attenuation of Fourier transform of the window. To obtain Kaiser window with a sidelobe attenuation of α dB, β is determined using the following formula:
(2) Figure 3 shows a demonstration of magnitude response of an x-axis acceleration of the FIR filter-based Kaiser window. In human walking, an arm-swinging cycle is divided into two phases: forward-swing and backward-swing, as shown in Figure 4 . The forward-swing phase starts when the hand holding the smartphone is at the highest position behind the waist with maximum acceleration (black "X" symbol) and the same-side foot touches the ground. Then, the hand moves forward to the front of the body and the acceleration drops to a minimum (pink cycle) when the body is in a stance phase. Eventually, the hand stops at the highest forward position and the acceleration reaches the highest position (other black "X" symbol) while the opposite-side foot hits the ground. On the other hand, the backward-swing phase starts when the observed hand starts moving backward from the front of the waist while the acceleration decreases from the maximum value and the Nonparametric Regression-based Step-length Estimation for Arm-swing Walking using a Smartphone 569 opposite-side foot touches the ground. Acceleration in the backward-swing phase decreases to the smallest value (other pink cycle) in the stance phase, and then increases to the highest value (other black "X" symbol) when the hand is at the back of the user's body. Meanwhile, a same-side foot hits the ground. Therefore, there are two steps in a complete arm-swinging cycle. 
Adaptive step-length estimation
A distance estimation method for pedestrian walking based on vertical acceleration was proposed by Weinberg [18] . His well-known formula is expressed as follows:
where, L w is the step length; K w is a constant; and A max , A min are the highest and smallest vertical acceleration values in a single step, respectively. Based on the Weinberg's formula, we propose a K-factor adapted along steps as a polynomial function of step velocity. The adaptive K-factor for each step is considered as a general regression model:
where 
It should be noted that v is the magnitude of the average velocities on x, y, and z-axes in each step; e and n are the noise or measurement error and the number of observations, respectively. We assume the noise e is uncorrelated, mean zeros, and random variables. Then, the locally weighted polynomial regression is obtained through the solution of the weighted least squares problem:
where, W is a diagonal matrix with the Gaussian weights which can achieve a more accurate local approximation model [4] . The solution respecting to the coefficient β is
Additionally, the K-factor is obtained as
The proposed adaptive step-length estimation equation is
The walking distance within each trial is calculated by summing the distance traveled of all the steps.
where, N is the number of walking steps in each trial.
Experimental results
In our experiments, three participants were required to walk forward 15 m, and swing their hands in their casual manner. We collected 300 samples of the acceleration and gyroscope signals at the sampling rate of 50Hz. To validate the performance of a proposed method and selecting the degree of a polynomial function, we applied a K-fold Cross-Validation (K = 6) on the dataset. We divided the dataset into 6 roughly equal-sized parts. We, then, took alternately 5 parts for the training set and used the remaining part as the test set. Figure 5 shows the mean squared errors versus degrees of freedom [9] of the training set for different degrees of the polynomial function (K = 2, 3, ..., 6). We selected the degree of the polynomial equal to 6 to minimize both errors of the training set and test set.
We compared the estimation results of our proposed method with Tian et al. [16] and Weinberg et al. [18] methods. Figure 6 shows the accuracy rates of three methods versus three speed levels, i.e., low, normal, and high speed. Note that the speed levels are obtained based on our previous approach [8] . We defined the speed levels in the experimental samples based on a normal distribution of average walking velocities v and velocity deviation σ. Thus, the ranges of the low, normal, and high speeds are v ≤ v − σ, v − σ < v < v + σ, and v ≥ v + σ, respectively. Table 1 describes the average results of error rates and standard deviations (Std.) of three methods.
The proposed method achieved a higher accuracy and a lower standard deviation in comparison with the two reference methods. In particular, the proposed method obtained the average Degrees of freedom Generally, the application of these two methods into walking distance estimation for the arm-swing activities is a case-by-case issue. Contrarily, the proposed method was well-performed for all three cases of walking speeds.
Conclusion
In this paper, we proposed an adaptive distance estimation method for arm-swinging activities at the three levels of speed, i.e., low, normal, and high speed. We analyzed the phases of the arm-swinging activities to determine the number of steps in each sample. The degree of the polynomial function was selected by analyzing the mean squared error versus the degrees of freedom of each polynomial value using the cross-validation technique. The results revealed that the proposed method estimated the distance traveled better than the conventional methods in terms of the accuracy and standard deviation of the results.
